The popularity of hyperspectral imaging (HSI) in remote sensing continues to lead to it being adapted in novel ways to overcome challenging imaging problems. This paper reports on research efforts exploring the phenomenology of using HSI as an aid in detecting and tracking human pedestrians. An assessment of the likelihood of distinguishing between pedestrians based on the measured spectral reflectance of observable materials and the presence of noise is presented. The assessments included looking at the spectral separation between pedestrian material subregions using different spectral-reflectance regions within the full range (450-2500 nm), as well as when the spectral content of the pedestrian subregions are combined. In addition to the pedestrian spectral-reflectance data analysis, the separability of pedestrian subregions in remotely sensed hyperspectral images was assessed using a unique data set garnered as part of this work. Results indicated that skin was the least distinguishable material between pedestrians using the spectral Euclidean distance metric. The clothing, especially the shirt, offered the most salient feature for distinguishing the pedestrian. Additionally, significant spectral separability performance is realized when combining the reflectance information of two or more subregions.
Introduction
Hyperspectral imaging (HSI) continues to mature and progress as a technology for improving target detection and discrimination in remote-sensing applications. Traditionally, HSI has been used in remote sensing for land-use and land-cover classification research [1] . HSI has also been used for smaller targets, such as vehicles, where spectral features serve as additional discriminants between targets for improved tracking [2, 3] . More recently, research has shown how HSI can be used for skin detection as well as clothing classification [4, 5] , independently. The work here builds upon these studies related to the constituent materials found on human pedestrians. This paper reports on work performed to understand the ability to distinguish between pedestrians in a complex urban environment when using HSI. The work focused on the spectral separability phenomenology for the reflectance signatures of predominant materials on a pedestrian (e.g., skin, clothing, and hair). This work only looked at distinguishing between already detected pedestrians, whether by manual extraction or some other outside process. Scene-wide detection of the constituent materials will not be covered in this paper. Analysis included looking at classification error of materials in the presence of noise when using just the pedestrianmaterial spectral reflectance signatures and also using the sensor-reaching radiance in HSI. For this work a unique HSI data set with extensive ground 1559-128X/13/061330-09$15.00/0 © 2013 Optical Society of America truth was gathered to assess the spectral separability of the materials of interest.
Pedestrian as a Multiregion Target
One of the primary challenges to a tracking algorithm is distinguishing among moving objects within a scene; in this case, between pedestrians. This becomes even more of a challenge when the pedestrians come within close proximity of each other. Intuitively, a pedestrian can be thought of as a complex target whose spectral signature is made up of his or her subregion characteristics, where "subregion" refers to items such as hair, skin, and clothing. Typically, it can be observed that individual recognition among pedestrians is largely due to these subregions. Note that in many cultures a pedestrian's shirt and trousers are made of different materials or are distinguishable by different colors. Thus the pedestrian can be thought of as having four contiguous subregions: hair, skin, torso, and trousers. These contiguous subregions could be used to differentiate between pedestrians when used individually or together. One step in this research effort looked at the spectral separability between pedestrians based on their subregions. There may be further distinguishing aspects associated with these subregions such as texture, but they will not be considered here. Again, this work assumed that the individual pedestrians had been detected and segmented by some outside process. Scene-wide detection of pedestrians against the background was not considered within the scope of this paper.
Real-World Imaging of Pedestrians Using Hyperspectral Imager
As part of this work, a hyperspectral imager was used to collect imagery data of pedestrians while they posed in an urban scene. This imagery was collected as part of the Hyperspectral Measurements of Natural Signatures for Pedestrian (HYMNS-P) experiment [6] . The imager was placed on a roof overlooking an urban scene. The HSI sensor collected 220 spectral bands from 450 to 2450 nm with a 1 mrad resolution per pixel [7] . The HSI sensor also had a spectral resolution range of 8-12 nm across the bands. There were 18 pedestrians placed around the scene in natural poses at known locations during the image capture. An example true-color image of the scene is shown in Fig. 1 where the ground sample distance (GSD) was approximately 2.5 cm at the center of the scene. During the experiment, several frames of imagery were captured with the pedestrians moved between known locations for each frame. Besides the several frames of imagery, an extensive ground-truth effort was conducted. In certain frames of imagery, there were two roaming pedestrians collecting ground-truth information. There were several in-scene spectral-reflectance measurements of the background materials collected. Calibration panels were also placed in the scene both propped up, facing the imager, as well as lying flat on the ground with direct illumination. Additionally, each of the pedestrians was characterized by collecting spectral reflectance measurements of his or her hair, skin, and clothing. High-resolution photographs and metadata, such as skin type, clothing materials, and hair color were also collected. Portions of this unique data set will become publicly accessible for future studies on pedestrian detection and tracking phenomenology.
As part of this data set, the spectral-reflectance measurements of the hair, skin, shirt, and trousers or shorts (if worn) for 28 unique pedestrians were collected. The volunteer pedestrians were allowed to wear clothing of their choice from their respective wardrobes. Though metadata were collected to capture information about the clothing worn, costuming was not imposed during the data collect. Note that there were 10 additional volunteer pedestrians who provided spectral reflectance measurements and metadata for this portion of the study but were not in the hyperspectral images. For the skin measurements, measurements of each person's right cheek, right forearm, and right calf (if exposed) were taken. These measurements were collected using an Analytical Spectral Devices, Inc., Full Range Field Spectrometer [8] . The spectrometer was a three-detector instrument which could collect spectra from 350 to 2500 nm and had a full width half-maximum spectral resolution of 3 to 12 nm, depending on the detector. A contact probe with an integrated illumination source was used to collect the relative reflectance samples [9] . An example of the collection setup for measuring a forearm using the contact probe with integrated illumination source is shown in Fig. 2 . The material reflectance was measured at 1 nm intervals and subsequently resampled from 2151 spectral bands down to 216 spectral bands using the nearest-neighbor method in order to approximate the spectral bands of the hyperspectral imagery. Examples of the data collected from the 28 pedestrians for the hair and trousers subregions are shown in Figs. 3-6.
Pedestrian Spectral Characteristics
The pedestrian can be treated as a multiregion target with subregions defined as hair, skin, torso, and trousers. Each of these subregions has different spectral features, which allows for them to be independently distinguished within hyperspectral imagery. Using the HYMNS-P data set, some of these features can be identified.
A. Hair Spectral Features
The spectral reflectance samples shown in Fig. 3 as taken from the pedestrians show visible differences of the hair samples across the spectrum with the most noticeable variations below 1800 nm. By inspection, specific features can be seen at approximately 1200, 1500, and 1740 nm. It should be noted that differing amounts of hair on the top of the head may allow for skin reflectance to be mixed into the measured spectra.
B. Skin Spectral Features
The spectral-reflectance samples for skin are seen in Fig. 4 . The spectral differences in the skin primarily occur below 1400 nm. The water content of the skin causes the high absorption above 1400 nm [10] . Note that due to different exposure levels to natural sunlight and other ultraviolet sources, the skin of the different body parts may have differences in melanin levels. This leads to slight variations of the skin reflectance signature of a pedestrian depending on the visible skin observed. Blood content can also have an impact on the skin reflectance signature [4] but was not evaluated under this study.
C. Clothing Spectral Features
While the torso and trouser regions of the pedestrian are treated as different subregions, the clothing materials can be similar with different colorants. In the HYMNS-P data set the pedestrians' clothes were primarily cotton based with some minor materials typically blended in with the cotton. There was only one pedestrian who had a 100% polyester shirt. All other materials were blended with cotton. As such, the spectral-reflectance curves shown in Figs. 5 and 6 are very similar above 1000 nm. However, there are spectral features seen above 1000 nm for the clothing materials, as discussed below. It should be pointed out that the constant reflectance spectra seen in Fig. 5 was considered suspect but was not removed from the sample set used for analysis described in Section 5.A.
Three of the spectral-reflectance signatures from the collection shown in Fig. 5 are shown in Fig. 7 . Each of these materials exhibits a different spectral characteristic as illustrated in Fig. 7 . The 100% cotton material was a reddish-brown t-shirt, the 67∕33 cotton-polyester blend was a yellow t-shirt, and the 100% polyester was a blue shirt. It is clear that there are spectral differences in the visible region (450-700 nm) and in the short-wave infrared (SWIR) region around 1550 nm and 1900-2250 nm among the spectral-reflectance profiles. Additionally, research by Haran [11] on the reflectance properties of cotton and polyester in the SWIR spectrum (1000-2500 nm) showed the major absorption bands for cotton are centered at approximately 1196, 1492, 1930, 2106, and 2328 nm. For polyester, the absorption features are centered at approximately 1122, 1395, 1656, 1900, 2132, 2254, and 2328 nm. Certainly the features at 1500, 1930, and 2106 nm for cotton and 1656 nm for polyester are seen in Fig. 7 . These features could be used to distinguish between 100% cotton and 100% polyester materials. However, the 67∕33 cottonpolyester blended fabric exhibits features from both materials. It should be noted that there are significant water absorption bands at approximately 1400 and 1900 nm [1] , which would mask the spectral features near those wavelengths.
Estimating Separability

A. Separability of Spectral Reflectance
One of the things that we wanted to assess was the likelihood of separability at different levels of signalto-noise ratio (SNR). Distributions of noisy samples were generated for each signature such that
where ⃗ x was the p-dimensional sample spectral vector for a pedestrian's subregion, ℵ0; 1 was a p-dimensional vector of random variables from the standard normal distribution, the sample vector ⃗ x divided by the SNR was used to scale the noise to achieve a uniform SNR across bands [1] , and signifies an element-by-element multiply operation. By applying a flat SNR level across all bands, this assessment was independent of noise characteristics due to a particular sensor and maintains generality. The separability was assessed by computing the spectral distance from each non-noise-modulated subregion spectral sample to all noisy samples within the same subregion. The adjusted spectral Euclidean distance metric was used such that [12] 
where ⃗ x represents the p-dimensional spectral vector of a material measurement from the pedestrian of interest(POI)and ⃗ y representsthespectral-reflectance vector of one of the POI's noisy samples or any of the noisy or non-noise-added samples of the same subregion from other pedestrians.
To assess how likely the subregion samples from one person could be distinguished from the same subregion samples of all other pedestrians, two classes were defined. The first class represented the distribution of distances between a particular pedestrian's subregion sample and the noise-modulated versions of that sample. This was called the POI class. The second class represented the distribution of distances between the non-noise-modulated POI subregion sample and all the remaining noisy samples of the other pedestrians. This constituted a non-POI class. With this one-versus-all construct, the probability of error per SNR for the POI class, perrorjω POI , was calculated according to the Bayes minimum error threshold [13] . The probability of error for the POI class was chosen instead of the total Fig. 7 . Textile reflectance spectra taken from pedestrian clothing in the HYMNS-P data set. The spectral differences between the three material types are apparent.
probability of error because in real-world imaging it was expected each subregion would only be covered by very few pixels. As such, we were mainly concerned with the SNR levels where the distributions begin to overlap and that lead to missed detections. The Bayes rule for minimum cost could be used to overcome this limitation, but the costs in our case were assumed to be equal with no particular application presently considered. An example of the two class distributions from the hair subregion data at an SNR level of 8 is shown in Fig. 8 . The distributions were estimated empirically using kernel-based density estimation with a Gaussian kernel [13] and 100,000 samples generated using Eqs. (1) and (2) . The non-POI class follows a nonstandard distribution.
B. Combining Subregions for Improved Separability
In addition to computing the separability for the individual subregions, the separability of the spectral data between pedestrians was assessed when the spectral vectors of subregions were combined. This was accomplished by concatenating the spectral vectors such that
where a and b represent two different subregions of the same POI and it was assumed ⃗ x is a column vector with p-dimensions. Note that ⃗ x a;b now has dimension 2p, assuming vectors of equal length, which is why the adjusted spectral Euclidean distance was used in Eq. (2) . Note that there is an automatic bias in the spectral distance, but normalizing by the dimensionality allows for comparing separability metrics between single-and multisubregion vectors as dimensionality increases. The same process for computing probability of error versus SNR, as outlined above, was followed for this portion of the study. Note that in addition to the pairwise combinations, combinations of three and all four subregions together were assessed.
C. Spectral Separability after Spectrum Subsetting
It should be pointed out that many current pedestriandetection systems only utilize the visible portion of the spectrum [14] . One of the objectives of this work included looking at how the different spectral regions of the data affected the separability. The probability of error analysis was performed for the full range (FR, 450-2250 nm), the visible region (450-700 nm) with only three bands, the visible region with 22 bands, the visible to near-infrared region (VNIR, 450-1000 nm) with 39 bands, the first SWIR region (SWIR1, 1000-1700 nm) with 66 bands, and a second SWIR region (SWIR2, 1800-2250 nm) with 48 bands. It should be pointed out that for the RGB case, the 22-band data from the visible region were spectrally smoothed using three Gaussian kernels centered on 450, 545, and 600 nm. The Gaussian kernels had a 50 nm standard deviation. The peak wavelengths were chosen to correspond with the wavelength locations of the tristimulus value peaks from the Commission Internationale de I'éclairage 1931 Standard Observer Visual Response model [15] .
D. Separability in Remotely Sensed Imagery
In addition to computing the separability of the pedestrians' spectral-reflectance samples, the separability of the pedestrian subregion data from remotely sensed HSI data was assessed. For this portion of the study, two images, labeled Image A for the first image and Image B for the second image, were used from the HYMNS-P dataset where the pedestrians were in two different locations between images, which were captured about 10 minutes apart. Each of the pedestrians in the respective images were manually extracted and segmented where regions of interest were selected according to the respective subregions. The spectral data was thus labeled according to pedestrian and subregion. The imagery data was assessed in sensor-reaching radiance and was not atmospherically compensated to convert it to estimated reflectance. However, known bad bands were removed prior to processing [14] .
Each pedestrian was set as the POI in turn. For each subregion on the POI, the respective sample mean was calculated. The adjusted spectral Euclidean distances between the POI and their subregion samples were calculated to generate the POI distance class. Likewise, the adjusted spectral Euclidean distances between the POI subregion mean and all the samples of the other pedestrian's same subregion were calculated. This constituted the non-POI class. For the subregions, there were a limited number of spectral samples, ranging from as little as 7 for hair on some pedestrians to as many as 192 for the torso on certain pedestrians. As such, the kernel-density-estimation Fig. 8 . Example of the two class distance distributions for a pedestrian's face-skin reflectance sample. The probability of the POI class distribution, denoted by the solid curve, is seen on the left while the probability density function of the non-POI class distribution, denoted by the dashed curve, is seen on the right. The SNR level for these two distributions was 8. approach, which was performed using the spectral reflectance data, was not used in this case. Rather, the discrete probability mass functions were estimated from the normalized discrete histograms. An example normalized histogram from one of the subregions is shown in Fig. 9 with the POI and non-POI class distributions separated for visibility. Using the Bayes rule for minimum error and assuming equal costs, the probability of error for the POI class was calculated for each pedestrian. This process was performed twice. The classification error was computed using the subregion spectral-radiance mean on the pedestrians of the first image. This can be referred to as a test-on-train case. The classification error was then computed using the subregion spectralradiance mean of the first image and the subregion data from the second image. This constituted looking at the separability of pedestrians using data across images.
Results and Discussion
A. Spectral Reflectance Data Results
The probability of error was computed for each subregion of each pedestrian. Figure 10 shows the probability of error versus SNR using the full spectral range for the four subregions: hair, face, shirt, and trousers. Each of the four curves are the average probability of error for all 28 pedestrians of the respective subregion. From the results in Fig. 10 , SNRs as low as 14 achieved good separability for the subregions of hair, shirt, and trousers, with hair being the most separable. The face samples required a much higher SNR to achieve the same probability of error performance as the other regions. The results of combining the subregions using two, three, and four subregions are shown in Figs. 11-13 . Inspection of the graphs indicated that for this particular data set, significant improvements can be realized when combining the spectral information of just two subregions. Table 1 tabulates the results of the classification of error when different spectral subregions are used. From the results, it is apparent that using only the three-color RGB bands, there is a high probability of error compared to other spectral regions where there is more spectral resolution. Additionally, the skin reflectance samples remained the most difficult over all spectral ranges. It also appears that, for this data set, the VNIR spectral range has probability-oferror results similar to the FR results when compared Fig. 10 . Plot of the probability of error for the POI class versus SNR for each of the subregions. Note that fairly low probabilities of error were achieved with relatively low SNR, but in typical imagery there are very few pixels on each subregion. Fig. 11 . Plot of the probability of error for the POI class versus SNR when two of the considered subregions are combined. to the other spectral ranges. This is an interesting result for considering designing systems without relying on the SWIR bands. This is not surprising for this data set because most of the pedestrians wore cotton-based clothing, which all had similar spectral signatures in the SWIR as shown in Figs. 5 and 6. Additionally, it is clear that significant performance improvement can be realized for all spectral ranges when combining the spectral information of just two subregions together. Combining three or four subregions together offers even greater performance improvement, though not at the same significance as going from just one to two combined subregions.
B. Spectral Imaging Results
The results for computing the probability of error of subregions detected in remotely sensed imagery are shown in Tables 2 and 3 . It is evident from looking at Table 2 for the probability of error in Image A that the classification performance is relatively low among the pedestrians. However, given the probability of error was averaged among the 18 pedestrians in the imagery, the standard deviations indicate there was a range of error among the pedestrian. Using the FR spectral range, the torso and trousers had the lowest error rate while the skin had the highest. Similar results were found for the other spectral regions. When looking at the binary classification performance among the spectral ranges for a single subregion, it is evident that the VNIR performs similar to the FR. It is interesting to note that the results show a similar trend as that shown in Table 1 regarding the FR and VNIR spectral regions. The skin remained the most difficult subregion to distinguish, and the RGB offered the lowest performance among the spectral regions. Due to the GSD, the hair and skin pixels had a high probability of being spectrally mixed with other materials, leading to lower classification performance. It is also evident that for this data set the SWIR2 region offered little to no significant information for distinguishing the subregions. Again, this is likely in part due to the similarity among the clothing types of the different pedestrians, where features in the SWIR were similar. Results in Table 3 repeat this trend; however, it is evident that using the spectral information from the first image to classify the subregions of the second leads to approximately a 10% degradation in performance. Because these were real-world images, a full characterization of the several environmental factors, such as illumination variations, adjacency affects, and atmospheric characteristics could not be explicitly known. These aspects likely increased the variability among the subregions, further overlapping the spectral distance distributions.
Conclusion
This paper describes a unique and novel data set and the results from studying the spectral appearance of pedestrians in hyperspectral imagery. The characterization of the empirical spectral-reflectance data collected during this work indicated that significant improvements in pedestrian distinguishability can be realized when using the spectral information of more than one subregion. While this requires a higher spatial resolution then typical remote-sensing engagement scenarios (greater than approximately 10 cm GSD) and lends itself to more of a close-in-sensing geometry, having the HSI information on pedestrians would enable tracking systems to better distinguish among them. The results showed that for pedestrians in the HYMNS-P data set, the VNIR spectral region offered a classification performance similar to the FR spectral range. Also, skin was the most difficult to distinguish among pedestrians using the adjusted spectral Euclidean distance metric.
The results of separability among pedestrians using remotely sensed imagery was much poorer, and part of this may be due to the increased variability among the pixel samples for the subregions in mixed illumination and viewing geometry. This variability, which was not fully characterized here, increased the overlap of the spectral distance distributions used to assess the separability based on the binary classification-error rates. Further work is needed to consider additional spectral separability techniques, illumination impacts, and data from other HSI systems. Additionally, techniques that compensate for illumination and geometry variability for the remotesensing case demonstrated here (using an obliqueoriented, building-mounted sensor) could be applied, such as those reported by Ientilucci and Bajorski [16] .
The main points learned from the results shown are that it is evident the FR and VNIR spectral ranges provide the best classification performance among the pedestrians. Also, it appears that the clothing of a pedestrian appears to be the most salient feature for improving the spectral separation between pedestrians in the real-world imagery. Portions of the unique data set used in this research will become publicly available upon request. 
